This article develops a family of stock v aluation models that are based on book values and earnings. The modeling approach can be consistent with a large class of allowable dividend policies and does not require an explicit forecast of future book values. Reconciling empirical evidence, the model determined expected rate of return is related to book-to-market and earnings yield. Model implementation using S&P 500 stocks yields several empirical results. First, the performance yardsticks indicate that the models show promise in explaining market valuations. Second, both book and earnings considerations are crucial in stock v aluation. Finally, zero-dividend and negative earnings stocks present no particular valuation hurdles with reasonable goodness-of-t statistics.
Introduction
Understanding the behavior of stock returns and market valuations has become a focal point in nancial economics. Two closely related lines of research are now developing. One major result concerns the empirical insights of Chan, Hamao and Lakonishok (1991) , Daniel and Titman (1997) , Fama and French (1992 , 1996 , 1998 , Ferson and Harvey (1999) , Harvey and Siddique (2000) , Jae, Keim and Westereld (1989) , and Lakonishok, Shleifer and Vishny (1994) . These authors suggest that book-to-market, market capitalization and possibly earnings yields can explain much of the return cross-section (see also the counterarguments in Jagannathan and Wang (1996) ). Equally relevant is the nding that aggregate stock returns are predictable from book-to-market and earnings yields (see, among others, Keim and Stambaugh (1986) , Kothari and Shanken (1997) , and Ponti and Schall (1998) ). Despite the strength of the evidence, the source of cross-sectional and time-series predictability still remains an open question (Berk (1995) ).
In response to empirical ndings, another research area has focused on building theoretical models of equity v aluation and expected returns (a partial list includes Ang and Liu (2001) , Bakshi and Chen (1998) , Berk, Green and Naik (1999) , Gomes, Kogan and Zhang (2001) , Lee, Myers and Swaminathan (1999) , Ohlson (1995) , and Pastor and Veronesi (2002) ). Theoretical models supportive of a link between stock returns, book values, and earnings can provide the much-needed impetus for reconciling the behavior of expected returns and market valuations (Fama and French (1995) and Berk, Green and Naik (1999) ).
While many such models have proved enlightening on normative grounds and have furthered our knowledge about the determinants of expected stock returns, still more research is needed on confronting empirical valuation issues. Specically, our incremental contributions are two-fold. First, we ll in existing gaps by employing empirical considerations to judge stock v aluation models. Although having a model that can apply in more generality to all types of stocks is an important goal, what is more interesting is the largely empirical question of what must be modeled to have a better stock v aluation model. Motivated by this concern, we pose the following questions using S&P 500 stocks: (i) What is the empirical promise of stock v aluation models that rely on book equity and earnings ?; and (ii) To what extend can model eectiveness be improved by better modeling of earnings and book values? These empirical issues must be addressed before one can determine the usefulness of theoretical models in equity market applications such as quantifying predictability. 1 Second, while preserving the book value and cash ow underpinnings of valuation, we adapt valuation tools (and implementation) to address two features of the stock market:
1. Zero-Dividend Stocks: How can zero-dividend stocks be priced in accordance with standard economic theory? We theoretically show h o w v alue can accumulate in the rm's book value without imposing restrictions on the dividend distribution; 2. Negative Earnings Stocks: What is the fundamental value of stocks with negative earnings? Insofar many v aluation models do not incorporate negative earnings, the treatment of earnings could stand further improvement (the exceptions will be noted).
Pursuing these questions can be benecial for two reasons. First, the fraction of S&P 500 stocks that have never paid a cash dividend is not negligible (about 15%), and the payout ratios are declining (Fama and French (2001) ). Depending on the nature of their protability cycle and industry aliations, many stocks have also experienced losses. Second, given the nature of the data and practical needs, having a valuation model that applies to a broad set of securities can be appealing. It is desirable that any such model be consistent with documented return properties especially with respect to book values and earnings.
Our valuation approach exploits a transformed equity price characterization that only requires the modeling of the discounted book value and the accounting excess return on the rm's assets. In the general model parameterization, the current stock price depends on the expected growth rate of discounted book value, the rate of change in the expected excess return on assets, and the current book value and earnings. A central property shared by the closed-form models is that implementation does not require forecasts of book values or dividends (unlike most residual income model formulations).
The theoretical models generate three main results. First, the derived expected return can be dynamically increasing in book-to-market and earnings-yield. 1 Second, high book-tomarket stocks can be associated with higher systematic risks and/or poor earnings prospects 1 In a recent contribution, Berk, Green and Naik (1999) consider the eect of real options on the operating plan of the rm, and on the expected rate of return. In a key characterization, they show that expected return is linearly proportional to book-to-market. While our framework does not directly incorporate growth options, we nonetheless demonstrate a distinct role to be played by both book-to-market and earnings yield. We further show that the sensitivity of expected return to book-to-market depends on the distribution of cash ows, discounting and systematic risks. In what respects our valuation model diers from Ang and Liu (2001) , Bakshi and Chen (1998) , Feltham and Ohlson (1999) , Frankel and Lee (1998) , Gomes, Kogan and Zhang (2001) , Lee, Myers and Swaminathan (1999) , Pastor and Veronesi (2002) , and Ritter and Warr (2002) will be made precise in Section 3. and thus command higher expected returns. Lastly, the models are capable of producing higher average returns with book-to-market in the stock cross-section. We show that this framework is consistent with a potentially broad class of permissible dividend policies and negative or positive earnings.
To demonstrate broad applicability of our valuation models, S&P 500 stocks are used in the empirical investigation throughout. The rst empirical result is that valuation models fare well in tting stocks, with reasonable model goodness-of-t statistics. Second, our testing procedures show that the models do not systematically overpredict/underpredict relative to the market counterparts. Third, our empirical inquiry provides the insight that a large fraction of the stock price can be attributable to the presence of a book component, especially for low-growth stocks. However, both book and earnings considerations are central in determining stock v alues.
In what follows, Section 2 presents a theoretical framework for stock v aluation. Section 3 proposes a family of valuation models where the stock price is related to book values and earnings. The stock sample is described in Section 4. Valuation models are tested using a maximum likelihood procedure in Section 5. Section 6 back-tests performance ability o f stock v aluation models. Conclusions are provided in the nal Section 7.
Valuation Framework Involving Book Values and Earnings
Inspired by the recent empirical evidence, this section presents a suciently wide framework that links the fundamental values of individual stocks to book values and earnings.
Preliminaries: Linking Book Values, Earnings and Dividends
As in Ang and Liu (2001) , Claus and Thomas (2001) , Feltham and Ohlson (1999) , Frankel and Lee (1998) , Lee, Myers and Swaminathan (1999) , Ohlson (1990 Ohlson ( , 1995 , and Ritter and Warr (2002) , our conceptual starting point is the accounting clean surplus relation (see the earlier developments in Edwards and Bell (1961) , Peasnell (1982) and Lehmann (1993) ). To x notation, let B t be the time t book value and X t and D t be the (per-share) earnings and dividends at time t, respectively. According to the clean surplus equation, the next 3 period book value of the rm is determined by:
so changes in book value are solely a result of earnings net of the dividend payout. Under current accounting practices, most of the transactions satisfy the clean surplus relation (e.g., Claus and Thomas (2001) and Frankel and Lee (1998) ). Indeed, a central attribute of specication (1) is that it internally connects book values, earnings and dividends. Let R t be the risk-free interest rate. Dene the residual income, X a t , as earnings in excess of R t 1 B t 1 , which can be considered as the normal earnings the book assets should earn (Ohlson (1990 (Ohlson ( , 1995 ). It is shown in Feltham and Ohlson (1999) that when the residual-incomes are pricing-kernel-adjusted (see (4) below), then the appropriate way t o dene the residual income is:
Rearranging (1) and using (2), the dividend process implicit in the clean surplus relation is:
Under certain conditions, Feltham and Ohlson (1999) show that the commonly adopted dividend-discounting model of equity v aluation is equivalent to a corresponding formulation in terms of the current book value and the present v alue of future residual incomes. They demonstrate that the fundamental stock v alue, denoted V t , i s g i v en by:
where M t is the economy-wide stochastic discount factor, X a t is the residual income as dened in equation (2) and E t [:] represents the conditional expectation operator. Equation (4) states that if a rm's book assets only earn the opportunity cost and thus generate zero net present v alue from future residual incomes, V t is precisely equal to B t . When viewed from such a perspective, the second term represents the discounted value of future earnings beyond the required normal earnings. For instance, if the assets of the rm are able to generate more earnings than the normal required interest income, the fundamental value of the stock w ould exceed the book value. Measured by this yardstick, good rms are likely to possess relatively lower book-to-market ratio.
A T ransformed Equity Price Characterization and Modeling Objects
In practice, an equity v aluation model based on (4) can be derived in a number of dierent w a ys. One potential strategy is to directly specify a process for M t and the residual income X a t as a joint Markov system. As argued below, this approach can have some drawbacks. For example, modeling M t requires the explicit modeling of the short interest rate (Constantinides (1992)).
Additionally, as the scale of assets change, the rm's ability to generate earnings and residual incomes is likely to change (e.g., ceteris paribus, doubling the rm's assets doubles the residual income). To take i n to account the scaling of X a t with the scale of assets, the modeling of X a t =B t 1 appears more appealing than modeling X a t directly. However, equation (4) suggests that this requires the modeling of M t B t 1 . Ang and Liu (2001) and Feltham and Ohlson (1999) eectively model R t , X a t and B t . One undesirable aspect of simultaneously specifying the processes for R t , X a t and B t is that it implies a dividend process that could be counterfactually negative from the clean surplus relation (3).
To o v ercome the above diculties, we n o w propose a transformed equity v aluation setting that can be appealing on both economic and implementation grounds. To pursue our arguments in sucient detail, dene the modeling objects: 
With this transformation, the equity pricing formula (4) can be rewritten as: Ohlson (1995) and Feltham and Ohlson (1999) ), c X t is the rate of return on assets in excess of the short interest rate. When employed as a building block for measuring V t , our characterization (8) possesses several distinctive elements. Among X a t , B t and R t , w e will essentially model only two o f them. For an allowable dividend process, we therefore have an extra degree of freedom to satisfy (3). Moreover, as we will show in Section 3, using the lagged book value in (8), in conjunction with a Markov setting, leads to a pricing model that is easier to implement with available accounting data without making unnecessary assumptions about the evolution of book values (or its expected growth rate). Given our reliance on ( b B t+ ; c X t+ ) dynamics, the measurement o f i n trinsic values via (8) is based on a fundamentally dierent set of primitives relative to extant approaches. Finally, an explicit parameterization of R t is not needed. Thus, this approach can mitigate over-parameterization concerns. These points will be furthered explained in the economic setting of equation (25) and in the context of Appendix C.
For tractability of model development, we n o w assume that the timing convention is continuous. The tractability of the continuous-time analysis comes from the fact that ordinary dierential equations are generally much more amenable to analytical solutions than the corresponding dierence equations (Cox, Ingersoll and Ross (1985) and Sun (1992) ). Replacing the discrete-time summation operator in (8) with an integral, we m a y write the stock price in continuous-time as:
Without a specic parameterization of discounted book value, b B t , and the scaled residual income, c X t , not much further can be learned about the determinants of stock price or expected return. Abstracting from general equilibrium considerations, we proceed to specify a process for b B t and c X t and then jointly characterize the stock price and expected return. In this partial equilibrium setting, book and earnings are analytically connected to stock valuations.
3 Book Values, Earnings and Stock Prices
The purpose of this section is to derive stock v aluation models and includes all models to be investigated in the empirical sections. We note at the outset that this theoretical framework has four central features. One, it allows the earnings of a rm to take negative or positive values, and admits book values and earnings as fundamental variables. Two, the valuation methodology does not require the modeling of the term structure of interest rates. Three, the approach does not involve the specication of the dividend policy or the payout ratio. Finally, model implementation is detached from book value forecasts.
The Basic Model
We begin our analysis by specifying the following evolution for c X t and b B t under the physical probability measure: (9) as (provided Y > 0):
This stock pricing model will be referred to as the \Basic model" throughout.
Given the constancy of Y and Z x , the fundamental value of the stock is driven by the current book value and the current residual income X a t (and increasing in both variables). In the valuation formula (13), the last two terms represent the present v alue of residual incomes. Specically the rst component reects the value of the time t residual income valued as a perpetuity; the second component measures the present v alue of the deviations from the current residual income. Ceteris paribus, the model provides the intuition that a higher x (i.e., more systematic risk) has the eect of decreasing the stock price and increasing the book-to-market ratio. Stock pricing functions derived using the Ohlson (1995) model, in contrast, assume that investors are risk-neutral. The framework presented in Feltham and Ohlson (1999) allows for pricing-kernel-induced risk-adjustments but their focus is not closed-form model development and on empirical testing. Like Ang and Liu (2001), we do not have to select a terminal period forecasting horizon to determine V t .
Because the specication for d c X t includes a constant drift, equation (10) may be theoretically unappealing (as it implies a non-stationary distribution). However, as seen from the valuation model (13), only Z x is identiable. For this reason, we can set Z 0 without aecting model implementation. The stock price in (13) is frugal with two parameters.
The stock v aluation model accommodates negative earnings. Negative earnings or nearzero positive earnings can pose diculties for some equity v aluation models. In general, models assuming a proportional payout policy are unable to address negative earnings because it can imply negative dividends (and thus a negative model stock price in a Markov setting). In this sense, our modeling framework oers crucial advances in pricing growthoriented stocks where negative earnings are common. While extending Bakshi and Chen (1998), Dong (2000) considers a shifted proportional process for earnings. Such a specication merely imposes a lower bound on earnings but counterfactually allows for negative dividends. Therefore, the class of models considered in Dong neither solves the negative earnings problem nor the problem associated with negative dividends. 3 In this respect, the stock v aluation model (13) (and its generalization in (22)) is based on a more appealing set-up and can be applied to individual stocks and to stock portfolios.
Another advantage of this modeling approach is that it does not posit a dividend policy. Under a zero-dividend outcome in the residual income framework, value is not lost but is instead stored in the book value. This aspect is of practical relevance in measuring fundamental values since many high-growth stocks pay little or no dividends. However to implement a dividend-based valuation model, a dividend policy or a payout ratio is typically imposed. Conventional dividend-discounting models, for instance, cannot easily explain the pricing path of stocks such as Microsoft. 4 In the spirit of Sun (1992) In principle, the equity v alue can also be determined as the present v alue of free cash ows less the value of debt (see a recent application in Kaplan and Ruback (1995) ). From an equity v aluation context, the free cash ow modeling technique has diculty in estimating intrinsic value for rms whose forecasts predict negative free cash ows into the foreseeable future.
state-vector dynamics in (10)- (11) 
5 To see our value-added, consider the set-up of the Lee, Myers and Swaminathan (1999) model in more detail where V t = B t + FROEt+1 re 1+re B t + FROEt+2 re 1+re 2 B t+1 + TV. In this formulation, FROE t+1 is the forecast of next-period earnings divided by current book value so that FROE t+1 r e is the counterpart to E t f b X t+1 g. Under the assumption that FROE t+3 has constant zero-growth forever after year 3 and the discount rate is r e , the discounted terminal value, TV, is given by FROEt+3 re re1+re 2 B t+2 . The V t computation, thus, requires book value forecasts (i.e., B t+1 and B t+2 ). They note that B t+1 = B t + X t+1 D t+1 and specify a dividend policy (page 1702): D t+1 = k X t+1 , with payout ratio, k, to be determined. For rms that experience negative earnings, dividends are divided by 0 : 06assets to derive the payout ratio (page 1705). When the payout ratios are less than zero (greater than one), a value of zero (one) is assigned to k. Since rms typically experience negative earnings or may h a v e a zero payout, appealing to our Markovian approach can circumvent prevailing treatments in both theory and implementations. We h a v e not yet explained why a positive coecient could arise on the book-to-market. From (13), we note that a rm with higher systematic risk x or poor earnings prospects (say, with X a t < 0) will have its price depressed in comparison to its book value. Consequently such a rm will have a high book-to-market ratio. Conceptually, high book-to-market rms are relatively more risky and/or may h a v e poor growth opportunities. Thus, bookto-market can be considered a proxy for systematic risk and/or growth opportunities. For a broad range of parameter values, an increase in the book-to-market ratio can lead to higher expected returns and vice versa. Provided is stable across rms with homogenous risk and/or growth characteristics, high book-to-market rms should also experience higher average returns. The working of (13) and (15) formalizes how the return predictability b y book-to-market is linked to the nature of systematic risks and to considerations of asset protability (see also the model of Berk, Green and Naik (1999)).
To further appreciate equation (15), note that a positive has the eect of increasing (t; t + 1) when current earnings rise relative to the current price. However, the model predicts that both book-to-market and earnings yield impact expected returns. Provided the quantity X is stable in the rm cross-section, size can nonetheless become an explanatory variable in addition to book-to-market. Overall, our model supports the argument that variations in book-to-market, earnings yield (or size) aect expected return, both in the time-series and in the stock cross-section.
A Richer Distributional Structure
This subsection generalizes the basic model along several dimensions. First, for its technical tractability, w e alter equation (10) . The parameter y captures the rate at which Y t mean-reverts to its long-run mean 0 y . As it reects the dierence between the stochastic interest rate and the expected growth rate of the book value, eectively a single variable Y t can model their behavior. Equation (19) permits a more precise discounting of the residual income.
For the ( b B t ; c X t ) stochastic environment specied in (16) This transformation is adopted because the systematic risks for Y t and Z t are not separately identied, but rather subsumed within y and z . Second, to enhance identication and to reduce the number of free parameters in our econometric procedures, we w ork with covariances: x;y x y x;y , y;z y z y;z and x;z x z x;z , which capture the covariation between d c X t and dY t , between dY t and dZ t , and between d c X t and dZ t , respectively. To solve the valuation equation (20), we conjecture a solution of the form (21) into (20) and simultaneously solving a set of ordinary dierential equations (see the Appendix A), we derive the solution for the stock price as: (22) where (u), (u), (u), and (u) are displayed in (40)- (43) of Appendix A. We also require y > 2 y 2 2 y (23) which ensures that the integrals in (22) converge. In comparison to the basic model (13), a three state variable Markov structure is at the core of the stock v aluation model (22). The three state variables (in addition to B t ) are the residual income X a t , the (minus of) expected growth rate of discounted book Y t , and the rate of change in expected excess return on assets Z t . Our comparative static analysis reveals that the model stock price is increasing in X a t and Z t . Since Y t is the discounting rate for c X t (which can attain positive and negative v alues), it renders the comparative static of Y t ambiguous. The resulting stock v aluation model in (22) has 8 structural parameters as opposed to 2 in the basic model. Finally, the computation of V t requires numerical integration. The valuation model (22) will be referred to as the \Extended model." 6 We note that expected stock return inherits a structure analogous to (15). In Appendix 6 One special case of (22) Another model arises when Z t Z and Y t is stochastic. Then V t is still as displayed in (22) with (u) x u x;y y u 1 e yu y , (u) u, and (u) and (u) as respectively given in (40)- (41). We d o n o t focus on these intermediate models as we found their performance to be not signicantly better than those considered here.
A, it is shown that the expected return consistent with the valuation model (22) [Y t ] compress the eect of discounting, systematic risks and earnings cash ows. As arguments leading to positive t and t are similar to those discussed in the context of the basic model, the resulting overlap is avoided. Equation (24) highlights possible sources of time-variation in the value premium (Fama and French (1998) ).
An extant approach that starts with a pricing kernel and an interest rate process does appear to have some merit on the surface. To build this comparison relative to (22) (25) where (u), ' (u), (u), (u), and (u) are given in (62)- (66) (13) and (22) appear well-posed from a theoretical standpoint.
To enrich discussion, we need to attend to one remaining issue: What is our incremental contribution relative to Ang and Liu (2001) ? Since this comparison can be understood more completely by specifying their economic environment, our arguments are provided in Appendix C. As explained, our approach can be theoretically appealing relative t o a v ailable models. For a nite-horizon learning model based on the assumption that (i) dividend is proportional to book value (i.e., D t = c B t ) and (ii) the terminal value is equal to its book value (V T = B T ), we refer the reader to the development i n P astor and Veronesi (2002) .
In sum, the two stock v aluation models presented here dier in the nature of the stochastic environment, the number of parameters to be estimated, and in the relative ease of model implementation. For example, the basic model relies on elementary assumptions about the evolution of b B t and c X t , and imposes simple restrictions on how the stock price can move relative to book values and earnings. The extended model, on the other hand, is more appealing on theoretical grounds. Whether the cost in extra theoretical complexity and model implementation is worth the incremental eort is an issue that can, at best, be settled based on empirical performance considerations. In the remainder of this article, we analyze the two v aluation models and gauge their empirical potential from dierent angles. Our analysis puts into perspective the role of book and earnings across a wide set of stocks.
S&P 500 Stock Sample and Empirical Proxies
In the empirical work to follow, S&P 500 stocks are selected for several reasons. Together this stock universe constitutes a substantial fraction of the U.S. market capitalization. S&P 500 is a principal benchmarking index and its component stocks have broad analyst coverage. Moreover, this class includes some of the best-known companies across each industry segment.
Merged from Compustat, CRSP and I/B/E/S, the data includes observations on the mid-month share price, the book value of equity, the number of shares outstanding, and the current and next-year consensus analysts earnings forecasts (i.e., FY1 and FY2). Although book values and share prices are available over a much longer period, I/B/E/S did not start compiling earnings forecasts until January 1976. Such a constraint limits our investigation to the sample period from January 1976 to January 1999. Firm-specic share prices and earnings forecasts are taken from I/B/E/S while quarterly book values are collected from Compustat. The shares outstanding information is compiled from two sources. Prior to 1984:09 the data is from CRSP and adjusted for splits, and is I/B/E/S thereafter.
We end up with fewer than 500 rms. The reason is as follows. Firms are occasionally added or dropped from the S&P 500 index. Added recently to the index, 49 rms have t o o short a price history (less than 3 years). 12 rms are additionally excluded from the overall sample due to negative book values (as in Fama and French (1992) ). Another 25 rms were discarded because we do not have complete matching observations on earnings forecasts, book values and shares outstanding. Therefore, our nal sample consists of 414 rms. Consistent with many existing treatments, the book value of equity, B t , is Compustat book value adjusted for extraordinary items. At a conceptual level, there are two w a ys to think about the clean surplus relationship (1). Suppose one omits extraordinary items, then X t+1 has the interpretation of regular earnings. In the absence of extraordinary items, the book value time-series is smooth and cannot incur large discontinuities. Unfortunately this is not how the book value series is recorded. If there is a write-o, it is reected in actual earnings and actual book values so that the clean surplus relation is not violated. However, if one includes special charges in the book value and not in future earnings, it creates an inconsistency. As a practical matter, the use of analysts earnings forecasts as a proxy for X t+1 makes it virtually impossible to incorporate extraordinary items into the forecasts. 7 Although our Markov setting oers analytical tractability, the discrete-time implementation of (22) Measurement o f i n trinsic values in (13) and (22) will be subjected to two data induced problems. First, book values are recorded quarterly while it may be more desirable to apply the stock v aluation models monthly. The per-share book values for the next two months are kept at the same level as that recorded at the beginning of the previous quarter. This is done to lessen the impact of look-ahead biases (Jae, Keim and Westereld (1989) ). Second, X t and X t+1 are annualized estimates of earnings available at the monthly frequency so the earnings series will contain some amount o f o v erlap (as in all other studies using I/B/E/S). Because most rms' earnings display seasonalities, the choice of annualized earnings appears to be an appropriate compromise and in line with established practice.
Econometric Procedure and Model Selection Results
Our rst task is to empirically compare the basic model (13) and the extended model (22) using a maximum-likelihood econometric procedure. Specically for the extended model, dene the full parameter set f y ; y ; z ; z ; x;y ; y;z ; y ; x gand recall that the basic model is a nested special case with y = z = 0 , y = z = 1 , y = Y and z = Z.
Therefore, we can investigate whether the restrictions imposed by the basic model are rejected using a standard likelihood ratio test. Testing these restrictions are an indirect way of assessing the distributional assumptions of ( c X t ; b B t ) that can be consistent with the stock price dynamics. To conduct such an empirical test and full-sample-based model selection, dene the tting error from the extended model as:
which measures the deviation of the model price V c t in (22) from the market price P t .
To proceed with estimation and model inference, we assume that t N (0; 2 c ) and serially uncorrelated. 8 While Lee, Myers and Swaminathan (1999) assume that both the market and the model has mispriced the stock, we concentrate on model mispricing and not on market misvaluation. As is standard from Hansen and Singleton (1983), we maximize the log-likelihood function: Which approach is optimal for estimating the parameters of the stock price distribution remains a profound empirical issue. In the estimation of credit risk and interest rate models, the conditional density o f t h e unobservable state-variables is typically known (say, sum of independent c hi-squared distributed variables) and the bond prices are exponential-ane in the same state variables (Chen and Scott (1993) , Due and Singleton (1997) and Pearson and Sun (1994) ). Given such a log-linear mapping, the model parameters can be estimated using an estimation procedure that exploits as many observed bond prices as there are state variables. In our context, it may b e v eried that the characteristic function of (log( b B t+1 ); b X t+1 ) i s in closed-form but the characteristic function (and the density function) of the future stock price in (22) is unknown. Hence, the above methods cannot be readily adapted to the present problem at hand. Because the model error moments are not analytical, applying generalized method of moments may not prove a n y more convenient relative to maximum-likelihood. and is 2 -distributed with degrees of freedom equal to 6. This statistical test enables a straightforward comparison between the extended model and the basic model.
Applying the maximum-likelihood estimation procedure to all 414 stocks (each for the extended and the basic model), Table I summarizes the parameter estimates, the loglikelihood functions, and the estimates of c and b . W e display the average, the standard errors (standard deviation divided by p 414), and the three quartiles. The rst point relevant to our modeling comparisons is that the standard deviation of the entire-sample model errors, c , is smaller than that of b . This can be seen by comparing the average c which is 21% with the extended model versus 26% for the basic model. Indicating higher model misspecication, the recorded c in the rst (third) quartile is 17% (24%) compared to 20% (30%) for b . The second point w orth noting is that the average value of parameters and statistics are virtually close to the median value Q2. Therefore, inferences based on the average value need not present a biased picture of model selection.
The null hypothesis that the basic model is the correct stock v aluation model is overwhelmingly rejected in favor of the extended model. To be precise, the likelihood ratio L statistic in (31) is bigger than 2 (6) for 87% of the S&P 500 stocks. The Schwarz information criterion (i.e., SIC = T log 1 T P T t=1 2 t + Dim() log(T )), which rewards goodness-of-t while penalizing dimensionality, provides a similar rank-ordering: the SIC of the basic model exceeds that of the extended model for 77% of the stocks. Overall, the econometric tests favor the eight-parameter extended model with stochastic Y t and Z t over the two-parameter basic model. The distributional properties of b B t and c X t implicit in the maximum-likelihood estimates will be discussed shortly.
Model Assessments and Tests of Bias and Accuracy
What we h a v e shown in the preceding section is that the extended model does improve the pricing t of stocks beyond the basic model. However, it may be argued that this superior performance is simply a consequence of having more parameters rather than due to the working of a richer distributional structure. To mitigate the impact of over-tting connections on model assessments, we subject both models to a more stringent test and evaluate their out-of-sample pricing ability. Indeed, the exercises of Bakshi, Cao and Chen (1997) , Bossaerts and Hillion (1999), Dumas, Fleming and Whaley (1998) , Meese and Rogo (1983), and West and Cho (1995) have demonstrated that more elaborate models need not perform better as over-parameterization penalizes out-of-sample goodness-of-t statistics.
Other considerations can perhaps reinforce the above arguments. First, entire-samplebased procedures may not be practical or convenient to implement due to their reliance on historical stock prices, book values and earnings. Stock v aluation is application-oriented with investment decisions made primarily on recent market activity and fundamentals. Firms undergo business and product transitions and recent behavior may be relevant t o determining their market valuations. Consistent with this notion it makes sense that the models also be ranked based on up-to-date information. Any such estimation approach will not only reduce data requirements but also permit the evaluation of ex-ante trading strategies (Allen and Karjalainen (1999), Brock, Lakonishok and Lebaron (1992) and Dumas, Fleming and Whaley (1998)). Second, most stock v aluation models are likely to be misspecied. Therefore, examining the nature of out-of-sample model tting errors over recent samples may provide a fairer modeling comparison and give parsimoniously specied valuation models a better chance in the performance horse-race.
Distributional Properties Implicit in Stock Prices
To describe the estimation approach, suppose a researcher wishes to assess the pricing quality of stock v aluation models -say in December 1980. We rely on two e v aluation steps:
Step 1: Collect book values, earnings and market stock prices 3 years (or 5 years) prior to (including) December 1980. Construct the time-series for Y t , Z t and X a t ;
Step 2: Estimate the full parameter set for the extended model (or the basic model) based on the procedure (30), using the prior subsample of 3 (or 5) years. The estimation procedure equates market valuations to model prices as closely as possible by the choice of . Proceeding one-year forward to December 1981, the parameters are re-estimated for a new pricing exercise. This rolling-estimation procedure continues until December 1998 (so we h a v e c hosen the rolling scheme over the recursive s c heme).
The 3-year rolling-sample estimates reported in Table II , when combined with the entiresample estimates in Table I , are informative about the distributions of b B t and c X t implicit in stock prices. Considering the estimates of Y and Z x for the basic model, they are mostly stable across the entire-sample and the rolling-samples. When pooled across S&P 500 stocks, the estimate of the discounting rate, Y , is 16% in Table I which is similar to 19% reported in Table II . Observe that the reported average Z x is positive and has the eect of increasing stock prices via B t 1 (Z x )=Y 2 in (13). Distributional parameters pooled by sectors indicate a dierential sensitivity of the stock price to residual incomes and lagged book values. For instance, a considerably lower Y = 14% is required to justify market valuations among growth-oriented technology stocks compared to Y = 24% among slow-growing utility stocks.
As seen, the richer distributional structure of the extended model permits the separation of x distinct from the Z t process. Inspection of Tables I and II suggests that the magnitude of x is, on average, negative across S&P 500 stocks and in 10 out of 11 sectors. With y ranging between 11% for technology sector stocks to 21% for basic sector stocks, the empirical estimates suggest that the discounting rate distributions are volatile. Supportive of the modeling set-up, the (risk-neutralized) drift y is strictly positive: it has a rst quartile value of 21% and a third quartile value of 29%. Our nding that y is of an order higher than the short interest rate can be interpreted to mean that book values covary negatively with the stochastic discount factor. The speed of adjustment at which Y t reverts to y ranges between 0.54 for technology (and nance) stocks to 0.67 for energy stocks. 10 The estimated z and z are instrumental to understanding the role of c X t in valuations ( z is not identiable as it is subsumed within z ). Consistent with a positive estimate of Z x for the basic model, the risk-neutralized drift coecient z is negative and of an order of magnitude less than x . Moreover, the duration of the Z t cycle varies across sectors and has an overall half-life of 1.26 years. Observe that the covariance estimates (i.e., x;y and y;z ) are in the 7% range and imply non-negligible shock correlations. We will employ stock-specic estimated parameters to build the time-series of stock-specic model errors in a manner to be described in Section 6.2. One dimension reducing exercise could involve estimating f y ; 0 y ; y gand f z ; 0 z ; z gusing the transition density o f Y t and Z t (see Karlin and Taylor (1981, p.218) ). Another strategy is to estimate f z ; 0 z ; z ; x g using the time-series and the density function of b X t . H o w ever, we prefer a full-blown methodology that estimates the risk-neutralized parameters, the physical parameters, and the systematic risk variables jointly (i.e., the full parameter set ).
Finally, the parameter estimates recovered using the 5-year subsamples are not particularly instructive b e y ond those reported in Table II and omitted. The documented distributional properties are mostly insensitive to the choice of subsample size.
Overall Discussion of Model Performance
This subsection serves three purposes. One, it provides a snap-shot of model performance across S&P 500 stocks and sector segments. Two, it presents analysis that puts into perspective the relative contribution of book values and residual earnings in stock v aluation. Finally, w e conduct robustness exercises to examine the sensitivity of the model price to the choice of empirical methodology. Each test provides supporting motivation for valuation models in the class of (9).
The out-of-sample test is operationalized in the following manner. 
Each measure represents distinct aspects of the pricing error distribution. For example, as argued in Meese and Rogo (1983) and West and Cho (1995) , among others, a good pricing model will tend to have model errors whose average squared value is small. Consideration of mean errors can be informative as it can indicate systematic model pricing biases. Note that minimizing the (negative of) objective function in (30) does not simultaneously minimize the mean error as there is no intercept term included in t , so that the average mispricing is not constrained towards zero in-sample and especially out-of-sample. Average absolute errors are also desirable indicators as positive and negative model mispricing do not cancel. Table III provides the big picture on model performance with error measures aggregated over S&P 500 stocks, as in: 1 N P N n=1 G n . W e report the cross-sectional average (Avg), the 22 standard error (SE), the rst quartile (Q 1 ), and the third quartile (Q 3 ). In contrast to the overwhelming rejection of the basic model in Section 5, Panel A of Table III (corresponding to 3-year subsamples) nds that the absolute and the root-mean-squared errors of the basic model are only slightly worse than that of the extended model. More precisely, the average absolute error of the basic model, in the stock cross-section, is 21% compared to 19% for the extended model (a relative improvement of 9.52%). Similarly, the average rootmean-squared error obtained using the basic model is 25%, which m a y not be economically dierent from 23% obtained using the extended model (a relative improvement of 8%). As higher dimensional valuation structures penalize out-of-sample performance, the twoparameter basic model can come close to mimicking the performance of the extended model. Therefore, as intended, the out-of-sample exercises provide an informative relative-modelcomparison.
Notice that the estimated error measures are not cross-sectionally independent. Thus, the standard errors, SE, can only be considered as an indicator of the cross-sectional dispersion of the pricing errors and should not be used to draw statistical inferences. Issues related to statistical signicance are deferred to the next subsection. Now shift attention to Panel B of Table III , which i n v estigates the sensitivity of our results to possible changes in the length of the rolling subsamples. In this exercise, all parameters are still chosen together to maximize the likelihood function (30) but the empirical methodology instead uses prior 5-year rolling subsamples. Comparing the error measures between Panel A and Panel B (xing a valuation model), it is evident that the absolute errors and the root-mean squared errors are virtually unchanged between the 3-year and the 5-year estimations, while mean errors are slightly higher for the extended model. Although the results are not displayed, this conclusion also applies across each sector segment. To avoid duplication in the tables to come, we only report pricing error results based on the 3-year subsamples with the understanding that they also hold under the 5-year subsamples.
Partitioning of the S&P 500 stocks by their sector membership conrms the slight o v erall superiority of the extended model (see Table IV ). With the possible exception of energy stocks, the error distribution statistics of the basic model are larger than those of the extended model. Consider the error measures of high-growth technology stocks: the basic model gives an average absolute (mean) error of 27% (10%) versus 24% (2%) with the extended model. Now consider the error measures of slow-growth utility stocks, which h a v e an absolute pricing error of 16% (14%) when the basic (extended) model is applied. In large part, the class of models in (9) deliver reasonable performance across sector segments with worst (best) performance for technology (utility) stocks. There are two reasons behind the better performance for the utility stocks. First, these stocks do not typically involve mergers and/or new nancing which translates into a smoother book value path (we will further elaborate on this point). Second, utility stocks are viewed as having more stable earnings which lead to less volatile residual incomes (the characteristics are presented below the sector name). For the converse reasons, the documented performance deterioration for technology stocks is related to a higher occurrence of mergers (or new nancing) and due to the higher level of uncertainty associated with their future residual incomes.
Because V t can be decomposed into B t plus the value-added by discounted residual incomes, any model parameterization of ( b B t , c X t ) only needs to explain the stock's intrinsic value in excess of observed B t . T o examine the portion of market prices that is explained by residual incomes and book values, restrict X t = R t 1 B t 1 (or X a t = 0) for all t which leads to the pricing model V t = B t . P anel C of Table III reveals that the absolute (mean) pricing errors from the V t = B t specication are 53% (43%), and the residual income component needs to account for the remaining errors. Table III , thus, indicates that our modeling of residual incomes is important: It reduces the absolute pricing errors to about 19% with the extended model and 21% with the basic model. Table IV suggests that the book value contribution depends on the nature of growth opportunities. In such high price-to-book (pricing-to-earnings) ratio sectors such as health and technology, a signicant portion of their intrinsic values is derived from future residual incomes. This means that the residual income component m ust explain a larger portion of their market prices. While our parameterization of residual income does bring the absolute pricing error of the technology stocks down from 67% with the V t = B t specication to about 27%, it does not seem to fully account for the high-growth embedded in market prices. Indeed, the modeling of high-growth stocks seems a challenging task even with the eight-parameter extended model. On the other hand, for such stable stocks as utilities, residual incomes need to account for a smaller portion of the market price. In fact, by simply setting V t = B t can lead to absolute pricing errors as low as 39%. Modeling of residual incomes can further reduce pricing errors to about 16%. In sum, book values can have a rst-order impact on valuations, particularly for low-growth stocks. In general, both the book value and the residual income dimensions are important.
What type of individual stocks show an extreme t to models (13) and (22)? A closer examination of these stocks reveals that mergers and new nancing (or share repurchase) can induce rather large changes in their book values. As argued above, the book value behavior can have a substantial impact on the quality of model performance. Under normal circumstances, the change in (per-share) book value is small and smooth. When a merger or new nancing occurs, the change in book value can be large, however. To illustrate this point suppose there are two rms A and B, each with a 10 billion book value and a market cap of 20 billion. Therefore, the present v alue of future residual incomes accounts for 50% of their market caps. Additionally suppose there are 1 billion shares outstanding for each rm and that rm A acquires rm B. One accounting method to record the book value of the merged rm is to combine their book values resulting in a 20 billion book value with a per-share book value of $10 (same as before). If so, the future residual incomes still account for half of the $20 share price. Consequently, the per-share present v alue of residual incomes is identical with or without the merger.
The other widely used recording method is to add the market value of the acquired rm to the book value of the acquiring rm, which becomes the post-merger rm's book value. In this case, the rm's book value is 30 billion with a per-share value of $15 leading to an abrupt change in per-share book value of $5. Since the per-share price is still $20, future residual incomes will only account for 25% of the per-share price. Therefore, there must be a corresponding abrupt change in future residual incomes. This method of recording postmerger book value creates discontinuities in book values and residual incomes. When new nancing (or shares repurchase) is executed at the market price, a similar situation occurs. Most of the rms with pricing error outliers have undergone large changes in per-share book values. Thus, our analysis identies a potential hurdle in applying valuation models in the class of (9). Model errors in Tables III and IV are partly due to the nature of book value input and partly due to model misspecication.
Before closing this subsection, the ndings in Table III and IV warrant several other comments:
Benchmarking: What is an appropriate benchmark to compare model performance?
Extant models may not strictly apply to the entire S&P 500 sample and we are reluctant to compare model ability across selected samples. One benchmark is the price-to-intrinsic value ratio, P/V, reported in Lee, Myers and Swaminathan (1999) . A properly specied model should have a P/V close to unity. Not at odds with this implication, the extended model has an average P/V ratio (i.e., P 30 n=1 P n = P 30 n=1 V n ) of 0.99, Q 1 of 0.98 and Q 3 of 1.0 when applied to the 30 Dow industrial stocks. 11 By implementing a valuation framework that applies to all stocks, our exercises bridge an existing gap between theoretical models of stock v aluation and the practical measurement o f i n trinsic values.
Impact of Biases in Earnings Forecasts: Although analysts earnings forecasts are widely employed in investment applications, several studies have argued that they are biased indicators of realized earnings (Easterwood and Nutt (1999) and Lim (2001)). In implementing models, a central practical issue is whether other proxies can enhance the measurement of stock v alues. Relevant to our study, Lee, Myers and Swaminathan (1999) have demonstrated that time-series based earnings forecasts can cause greater valuation mispricing than analysts forecasts. In the context of (13) and (22) observe that biases in FY1 aect both the basic and the extended models (via X a t ), while biases in FY2 only aect the extended model (via Z t ). Multiple sources of expectation biases can potentially impede the working of the extended model. For lack of both better choices and clear consensus on bias-corrections, researchers have tolerated biases in earnings forecasts (see also the arguments in Claus and Thomas (2001)).
Empirically Inspired Pricing Models: Given its preeminence, some readers may prefer a comparison with the Fama-French (1996) model: R n (t; t+1) = a n +b n PREM t + h n HML t + s n SML t + e t;n , where R n (t; t + 1) is cum-dividend excess return for stock n over month t to t + 1 .This return model is unable to determine the next-year fundamental stock price without building future dividend forecasts -in which case, one can use a variant of a dividend-discount model. Even when this procedure is implemented by forecasting future dividends, it amounts to a price forecast which is, 11 An additional benchmark is whether the goodness-of-t statistics in Table III and IV compare to what is considered acceptable in the applied derivatives literature. First, focusing on Eurodollar futures options, Amin and Morton (1994) nd that mean absolute errors are in the range of 15% to 21%. Second, while tting Black-Scholes model to S&P 500 index options, Bakshi, Cao and Chen (1997) observe mean percentage pricing errors of -14% for short-term slightly out-of-money calls and -40% for short-term deep out-of-money calls (see also Dumas, Fleming, and Whaley (1998) ). The quantitative measures of model adequacy in Table III and IV correspond to those in the xed-income and the index options literature. in principle, distinct from an out-of-sample V t and not mutually comparable.
Time-Series Pricing Models: Economists have often compared the forecasting ability of structural models to those from naive time-series models. A close analogy in our context is that price-to-book ratio obeys a rst-order autoregressive process: Pt Bt = a 0 + a 1 P t 1 B t 1 + e t . Relative to our valuation exercises there can be some limitations to this approach. While a time-series model may yield reasonable short-term price forecasts of price-to-book and a model price given next-period book values, such models are generally uninformative about the economic determinants of stock prices and returns. If the objective is to narrow the search to a class of valuation models that are (i) consistent with documented return properties and (ii) that relate the fundamental values of stocks to economic variables, then one has to look beyond naive regression-based stock v aluation models.
Empirical Tests of Model Biases and Relative Accuracy
Another way to judge performance is to assess whether a model is systematically biased in one-direction. Since biased models are prone to greater misspecication, evidence from this diagnostic test is likely to be useful in the context of model-contingent trading strategies.
In order to conduct tests of biasedness, dene, for stock n, n 1 T P T t =1 t;n , and standard deviation Std(.),
To account for possible autocorrelation of t , w e assume t = t 1 +u t with E(u t )=0, Var(u t ) is a constant and Cov(u i ; u j ) = 0. Via standard results, we arrive at the expression:
Under the usual assumptions, equation (33) results in a conventional t-test. Specically if the computed n > 2 ( n < 2), the model statistically underprices (overprices) the stock relative to the market. Moreover, if n falls in the region 2 < n < 2, the model price is not statistically distinguishable from the market price.
Two principal conclusions can be drawn based on the results reported in Table V . First, as desired, both models lead to theoretical prices that are statistically close to the market counterparts. For 84% (76%) of the S&P 500 stocks, we are unable to reject the hypothesis that the basic (extended) model generated pricing errors are statistically dierent from zero. Sector evidence also supports unbiasedness of the valuation models for a large fraction of stocks. Second, the reported occurrence of < 2 is far greater than the occurrence of > 2. Therefore, it is far more likely for models in the class of (9) to overprice than to underprice the same stock.
At this point a natural question emerges: Are the error measures statistically dierent between the two models? We i n v estigate this issue on two fronts, and rely on test statistics based on absolute pricing errors and squared pricing errors. For stock n, dene, (35) which measures the time t discrepancy in the absolute, or squared, errors between the extended model and the basic model. Our rationale for considering excess absolute errors instead of the absolute value of the error dierence is to avoid cancellation of market prices.
Our objective in the rst exercise is model assessment at the stock-level and on using the time-series of valuation errors. Dene n , where the standard deviation of the mean discrepancy is calculated by assuming t = t 1 + u t . Whether models (13) and (22) deliver the same pricing quality can now b e e v aluated using a standard ttest. Three cases are relevant to our investigation: If > 2, the extended model has signicantly higher absolute (or squared) errors relative to the basic model; if < 2, the extended model has signicantly lower absolute (or squared) errors relative to the basic model. Otherwise, the two models cannot be distinguished solely based on these tests. The key observation that emerges is that the extended model performs no worse than the basic model on statistical grounds. Specically for S&P 500 stocks, the 2 < < 2 frequency is 76% with absolute errors. While the < 2 frequencies typically exceed the > 2 frequencies, the two model are indistinguishable for the majority of the stocks.
In the second empirical exercise, we determine the consistency with which one model outperforms the other. We devise this test by performing a cross-sectional regression each month: t;n = 0 t + " t;n . The t-statistic (corrected for heteroskedasticity) is then used to test the null hypothesis that the basic and the extended models have the same percentage absolute errors when they are each applied to price all stocks that month. We t h us obtain a monthly time-series of f 0 t ; t( 0 ) t : t = 1 ; : : : ; T g , which can now be used to draw inferences about 1 T P T t=1 0 t (as in Fama-McBeth). Our results show that the intercept coecient, 0 t , i s negative and statistically signicant for 53% of the monthly cross-sectional regressions. This sharply contrasts a seldom positive and statistically signicant 0 t , which is only 0.44% of the months. Therefore, the extended model consistently outperforms the basic model. Next, turning to the pooled time-series cross-sectional test regarding 1 T P T t=1 0 t , w e nd that the average intercept coecient is -2% with a t-statistic of -5.25 (correcting for serial correlation of the 0 t series). Thus, the extended model leads to a statistically signicant improvement over the basic model, on average. Even though our empirical tests suggest that the extended model is statistically superior to the basic model, the documented improvement is rather small and may not be economically signicant.
Pricing of Negative Earnings and Zero-Dividend Stocks
The thrust of this subsection is to analyze two related valuation issues (i) the pricing of negative earnings stocks and (ii) zero-dividend stocks. Most traditional equity v aluation models have diculty pricing a zero-dividend stock and the well-known diculty stems from the fact that a stock's intrinsic value is the present v alue of all future dividends. While it is less problematic to posit a dividend policy for dividend-paying stocks, a zerodividend stock gives the investigator little information about how to specify future dividend policy. The framework of Section 2 and 3 seems well-suited for this purpose since the future dividend policy is unspecied, and it appears nowhere in (13) or (22). Another diculty some equity v aluation models have is to price negative earnings stocks, especially in Markov settings where the dividend payout is assumed to be a fraction of earnings. This obstacle is overcome in our valuation models because we only need to specify the scaled residual income (which can be negative or positive) and the discounted book values.
How do (13) and (22) fare while pricing the aforementioned stock classes? For concreteness, Panel A of Table VI summarizes the performance measures across a selected set of stocks with negative earnings for at least 10% of their overall sample. Contained in this negative earnings group is a mix of technology and blue-chip stocks. In the case of the extended model, the absolute errors range from a low of 11% for Caterpillar (ticker CAT) to as high as 44% for United States Steel (ticker X); the mean error varies between 1% to -42%. Error measures of the extended (basic) model when consolidated over all negative earnings stocks have an absolute error of 24% (26%) and a mean error of -1% (-2%). An unreported exercise veries that neither model displays a systematic tendency to underprice or overprice relative to the market: For about 80% of the stocks one cannot statistically reject the null hypothesis that the mean errors are zero. As asserted, the presence of negative earnings does not hamper the working of models (13) and (22).
Continuing with our themes, we display i n P anel B of Table VI the goodness-of-t error statistics when the models are applied to zero-dividend stocks with the longest history of having never paid a cash dividend (there were a total of 63 such stocks out of our sample of 414). This cohort includes, among others, widely traded stocks such as Microsoft, Oracle and Applied Materials. When applied to the zero-dividend cohort, the model performance is essentially comparable to those from the S&P 500 sample with absolute pricing errors of the extended model in the range of 10% to 38%; the magnitude of the average absolute (mean) pricing error is 26% (1%). Moreover, the models produce virtually similar properties with respect to their biases and relative accuracy as shown in Tables V and VI, suggesting that the models seem to have priced zero-dividend stocks at par with the dividend-paying cohort. This empirical outcome is understandable because dividends and dividend payout ratios play no special role in our formulation. The class of models in (9) are exible in pricing stocks regardless of whether dividends are paid in cash or retained.
Concluding Remarks
The empirical nding that book-to-market and earnings yields have predictive p o w er for stock returns has troubled nancial economists. Contributing to this ongoing debate, this paper has focused on a class of asset pricing models that are consistent with the documented return properties and relates fundamental stock v alues to book values and earnings. This suciently wide theoretical framework to model individual stocks relies on three modeling features. First, it assumes that book values evolve in a manner consistent with the clean surplus relation. We show that the stock price can be decomposed into a current book value component plus the previous-period book value multiplied by the present v alue of scaled residual incomes. This framework reduces the valuation task to specifying the processes for the discounted book values and the scaled residual incomes. Second, in one specic parameterization, we suppose that the discounted book value obeys a proportional Markov Ito process with mean-reverting drift. Third, we posit a scaled residual income process such that earnings can take positive or negative v alues. Appealing to these assumptions, we develop closed-form characterizations for the stock price and for the expected return. Relative to many extant models, this approach is potentially consistent with a large class of allowable dividend policies and implementation is independent o f b o o k v alue forecasts.
The stock v aluation framework approximates the operating conditions of a rm in several crucial ways. One, the valuation model is valid for stocks with zero-dividends such a s Microsoft. Two, it allows for negative earnings in a Markov setting. Since a non-negligible fraction of the stock universe has never paid a cash dividend (to date) and earnings do not always stay positive, incorporating these aspects into the valuation framework is potentially important. Our theoretical characterizations indicate that the expected return can be increasing in both book-to-market and earnings yield. Model analysis reveals that high book-to-market stocks generally have poor performing assets and/or have higher systematic risks. The presence of either attribute can lower its fundamental value relative to the book value, and induce lower expected returns for low book-to-market rms.
Going beyond the consistency of the theoretical models with stylized return properties and model design issues, we also empirically investigate each model. We nd that valuation models are able to determine the intrinsic values of a broad set of stocks with reasonable goodness-of-t statistics, and book values and earnings are both instrumental in stock v aluation. While the models are not systematically biased relative to the market counterparts, high-growth stocks tend to show more model misspecication. Finally, mergers, re-organizations and new equity nancing can cause large jumps in book values and residual incomes. Such stocks experience greater model tting errors.
To conclude, this article has developed and empirically tested stock v aluation models that use book and earnings as fundamental variables and apply to most individual stocks. One promising avenue of future research is to develop trading strategies that exploit model mispricing (possibly along the lines of Allen and Karjalainen (1999), Brock, Lakonishok and Lebaron (1992) , Chen and Dong (2001), and Lee, Myers, and Swaminathan (1999) ). Despite substantial progress, there remains much more to be learned about stock v aluation. 
where a 0 (u) denotes, for instance, the partial derivative o f a ( u ) with respect to time. Recursively solving the system of ordinary dierential equations in (36)- (39), we arrive a t the closed-form expressions:
, and a(u) = ( u ) exp((u)). We obtain the desired stock price in (22), where the coecients (u), (u), (u) and (u) 
in continuous-time. Thus, as argued in Section 2, to derive the stock price, we need to specify the (i) pricing kernel process, (ii) the book value process, (iii) the interest rate process, and the (iv) scaled residual-income process.
To facilitate exact comparisons with (22), let M t be the pricing kernel process below:
where the interest rate, R t , i s g o v erned by a mean-reverting diusion process under the physical probability measure, dR t = r 0 r R t dt + r dW r t :
As before, the structural parameters r , 0 r and r represent the speed of mean reversion, the long-run mean, and the volatility o f i n terest rate changes, respectively. (u), (u), (u) and (u) are displayed in the text. Throughout B t and X a t represent the book value and the residual income; Y t is the (minus of) expected growth rate of discounted book value; and Z t is the rate of change in expected excess return on assets. For (u) and (u) are displayed in the text. As in the note to Table I , we report the average (Avg), the standard error (SE), the rst quartile (Q 1 ) and the third quartile (Q 3 ). Results are pooled across S&P 500 stocks and across each of the 11 sectors. The log-likelihood functions are suppressed. Since it is subsumed within z , the parameter z is unidentied. where (u), (u), (u) and (u) are displayed in the text. For each stock and at the beginning of each y ear, the most recent 3-year 5-year subsample is used to estimate the stock's structural parameters by maximizing the log-likelihood function (32). We then apply these parameter estimates to the model to value the stock for each month of the following year resulting in a model-price series of the stock for that year. Next, we m o v e to the following year and use the new recent 3-year (5-year) subsample to estimate the parameters, which are then applied to price the stock for each month of the following year. This rolling process continues until December 1998 (Meese and Rogo (1983) and Dumas, Fleming and Whaley (1998) We report the average (Avg), the standard error (SE), the rst quartile (Q 1 ) and the third quartile (Q 3 ). All reported statistics are in percentage and rounded to save on space. Whether the model determined price is systematically biased relative to the market price can be determined through a standard t-test (Hamilton (1994, Chapter 10) ). Three cases are analyzed. First, if > 2, then the model generated price is (on average) signicantly smaller than the market price. Second, if < 2, then the model generated price is signicantly higher than the market price. Finally, i f 2 < < 2, the model generated price and the market price are statistically indistinguishable. The empirical results are reported for S&P 500 stocks and for each of the 11 sectors. beginning of each y ear, the most recent 3-year subsample is used to estimate the stock's structural parameters by maximizing the log-likelihood function (32). The model price for the basic model and the extended model is respectively shown in equation (13) and (22). We then apply these parameter estimates to the model to value the stock for each month of the following year, which results in a model-price series of the stock for that year. Next, we m o v e to the following year and use the new recent 3-year subsample to estimate the parameters, which are then applied to price the stock for each month of the following year. This rolling process continues until December 1998. Two out-of-sample percentage pricing-error measures are constructed for each stock: (i) the average absolute percentage pricing error and (ii) the average percentage pricing error. NOBS is the number of observations. Pricing-error results are presented by stock ticker and name.
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